We investigate the returns to college attendance in Canada in terms of health and mortality reduction. To do so, we first use a dynamic health microsimulation model to document how interventions which incentivize college attendance among high school graduates may impact their health trajectory, health care consumption and life expectancy. We find large returns both in terms of longevity (4.1 years additional years at age 51), reduction in the prevalence of various health conditions (10-15 percentage points reduction in diabetes and 5 percentage points for stroke) and health care consumption (27.3% reduction in lifetime hospital stays, 19.7 for specialists). We find that education impacts mortality mostly by delaying the incidence of health conditions as well as providing a survival advantage conditional on having diseases. Second, we provide quasi-experimental evidence on the impact of college attendance on long-term health outcomes by exploiting the Canadian Veteran's Rehabilitation Act, a program targeted towards returning WW-II veterans and which incentivized college attendance. The impact on mortality are found to be larger than those estimated from the health microsimulation model (hazard ratio of 0.216 compared to 0.6 in the simulation model) which suggests substantial returns to college education in terms of healthy life extension which we estimate to be approximately one million canadian dollars.
Introduction
Large differences in health outcomes, in particular mortality, are observed across education groups (and more generally socio-economic status) and there is some evidence that these differences are widening (Goldman and Smith, 2011; Tjepkema et al., 2012) . An important question is whether education causally improves health instead of the association being due to other factors or, more simply, reflecting a case of reverse causality (Fuchs, 1980; Smith, 1999; Courtin et al., 2019) . This has important implications for assessing the effect of education policies on health and health care utilization, as well as determining optimal subsidies for college education (which should be increasing in the social return to education).
Using quasi-experimental variation in education, a burgeoning literature has attempted to assess whether education improves health and lowers mortality. Galama et al. (2017) provide a critical review of the literature. The nature of the quasi-experimental variation in education used in those studies is important, in particular the level of education at which variation is induced.
For example, variation in high school education is likely to induce effects which are different from those arising from variation in college education. A few randomized controlled trials have been conducted in the U.S. to estimate the effect of early education on later life health. For example Conti et al. (2016) reports effects on adult health from the Perry Pre-School project and the Carolina Abecedarian Project. Many studies focus on high school education. For example, changes in mandatory schooling have been exploited to estimate the effect of education on health and mortality. While some studies, such as Lleras-Muney (2005) and van Kippersluis et al. (2009) , find large effects for the U.S. and the Netherlands, others point to little or no effect of mandatory high school and primary schooling on mortality (Albouy and Lequien, 2009; Clark and Royer, 2013; Meghir et al., 2018) . But much less is known about the effect of college education on health and mortality. For example, Buckles et al. (2016) use draft avoidance during the Vietnam war and find significant effects on mortality of those cohorts that were affected.
To the extent that the relationship between education is causal, a related question involves identifying through which channels education improves health and reduces mortality. A good starting point is the health capital model of Grossman (1972) . In that model, initial conditions and investments in health over the life-cycle guide the dynamics of health. Investments react to changes in economic resources as well as various inputs such as education. Since education affects initial conditions, economic resources and the inputs into the production of health, it can affect health at older ages through a multitude of pathways. For example, education could reduce mortality because it induces changes at the beginning of adult life that have long-lasting effects: for example by reducing smoking or obesity prevalence. It could also reduce the incidence of various chronic diseases through better prevention or life styles (investments). Finally, it could improve survival conditional on having various diseases, trough better self-management of chronic diseases or better use of the health care system. Hence, understanding the pathways through which education may impact mortality is paramount.
In this paper, we make two contributions that shed light on the relationship between college education and health/mortality. First, using a flexible dynamic microsimulation model for Canada, we decompose the mortality differences by education into differences that arise from differences in initial conditions, incidence of diseases, and finally survival conditional on having diseases. We can attribute differences to these three components and to particular diseases, and also investigate differences in health care use. While this descriptive evidence is interesting, it is unclear whether it is causal. We then ask the question the differences in mortality and college education stemming from the microsimulation model match the reduced-form causal effect of college education on old age mortality using quasi-experimental evidence from Canada.
We exploit the Canadian Veteran's Rehabilitation Act -the Canadian "G.I. Bill", a program targeted towards returning WW-II veterans and which incentivized college attendance. Since both exposure to the war and educational attainment before the war create differential exposures the program, we exploit differences in education and mortality across Canadian provinces to estimate these effects. We make use of a unique match of the 1991 Canadian Census to the Mortality Registry in Canada 1991-2011 and estimate flexible Cox-proportional hazard models and competing risk logits for cause of death using a control function approach.
The paper is structured as follows. In section 2, we present a useful framework for thinking of life-cycle differences in health by education. In section 3, we use a microsimulation model to uncover some of the pathways trough which education translates into mortality differences.
In section 4, we provide quasi-experimental evidence on the long-term effect of education on mortality. Finally, we conclude in section 5.
Life-Cycle Trajectory of Health and Education
Denote by E the education outcome of an individual at some initial age, normalized to be t = 0.
The initial vector of risk factors, such as smoking habits and obesity is denoted Z 0 . Finally denote by H 0 the vector containing the set of health conditions already diagnosed at t = 0.
The joint distribution of these initial conditions, given education, is denoted F E (Z 0 , H 0 ) = F (Z 0 , H 0 |E). Two sets of markovian equations may capture the evolution of Z t and H t over the life-cycle. Let those equations be:
where ψ t and φ t are age-specific (vector) functions of the state variables and some random exogeneous disturbance. We make the first-order Markov assumption (only depends in first lag) to simplify exposition. Define mortality as M t = 1 if dead and zero if alive. Let mortality be defined as a function of the state variables:
Trivially, M t+1 = 1 if M t = 1 (death is an absorbing state).
Denoting E as the expectation operator, long-term differences in mortality rates between education level E and E ,
are a compendium of three forces: initial conditions differences, F E (H 0 , Z 0 ) and F E (H 0 , Z 0 ), incidence rate differences in health and risk behaviors as a function of education, ψ t and φ t , and finally differences in conditional mortality rates ξ t by education. In section 3, we use a microsimulation model to estimate long-term differences in mortality rates and decompose these differences in terms of the above three sources. In section 4, we take a different route to estimate the long-run relationship between mortality and education by studying the function:
for s large. We do so by exploiting a policy change which plausibly holds initial conditions fixed while varying E. Both of these approaches have merit. While the microsimulation approach allows to identify pathways, the unbiased estimation of ψ t , ξ t and φ t is necessary to obtain unbiased estimates of mortality differences at older ages and is tenuous given limited panel data. If unobserved frailty is correlated with education, for example trough selection into education due to frailty, then differences ∆ E ,E do not provide an estimate of the causal effect of additional education. One plausible set of ommitted variables are those characterizing early childhood in terms of socio-economic background and health. These have been shown to be linked to mortality independently of education while plausibly also determining education outcomes (Almond et al., 2018) . The quasi-experimental approach allows to avoid this possibility.
Furthermore, it does not require that we correctly specify the process at play (equations 1 and 2). However it does not allow to identify specific pathways. For example, education may increase compliance with and access to treatment, lead to less risky occupational choices or provide a stable financial environment (for example trough access to health insurance). Furthermore, the quasi-experimental approach is tied to a specific policy, or source of variation, which may not translate into an estimate of the average effect of providing education to a randomly chosen individual in the population (Imbens and Angrist, 1994) .
Decomposing Mortality Differences by Education over
The Life-Cycle (Goldman et al., 2004) . 3 A multinomial logistic regression model is use to estimate the transition probability between the different combinations of disability states. Altough the dynamic structure in COMPAS is rich and complex, it does assume stationnarity (the functions linking past outcomes to current ones are dependent on age only trough an additive term). Furthermore, first-order markov models are used which precludes more complex dynamics.
In the third part, COMPAS uses data from CCHS to project health care use. The number of night of hospitalization, the number of general practitioner and specialist visits are modelled using a negative binomial model in order to account for the strong proportion of zero in utilization. The models depend on individual characteristics and health status predicted in the second phase but are not a function of past utilization, so in this sense it can be seen as representing cross-sectional utilization.
Typically, in the final part, new cohorts enter the simulation in each period at starting ages between 30 and 31. Stages 2, 3 and 4 are then repeated every 2-year, and the last cohort is
added in year 2050. The model is almost entirely based on population dynamics: it tracks individuals as they move from one two-year period to the next. In each simulation cycle, the population varies randomly due to an outgoing mortality flow (or because some may have reached the maximum allowed age of 120) and an incoming flow. The model also incorporates recent trends in tobacco use, obesity and educational attainment and an entire set of scenarios to make population projections. For this paper, we focus on a single cohort of men aged 30-31 in 2016 until death. This cohort approach is well suited to investigate life course changes in health and pathways through which education ultimately impacts mortality. Results using any other entering cohort from COMPAS would be very similar.
Because of the randomness associated with these simulations, 50 replications of the projection process are performed for each of the scenarios with 100 sets of possible values for the parameters of the underlying econometric models (100 bootstrap samples are used to estimate transition model parameters). Hence, a total of 5,000 replications are performed, and the estimates obtained are averaged over those replications. We also report the 5th and 95th percentiles of those 100 sets of simulations.
Simulation results
The parameter estimates of COMPAS are obtained from representative samples of the Canadian population, as mentioned above. Table 1 reports the mean values of some health characteristics of the initial population in COMPAS by education levels (the distribution F E (X 0 , Z 0 )). The statistics refer to males aged 30 and 31 in 2016. As expected, proportionately more high school graduates smoke and have weight problems. In some cases the differences are sizable and in particular with respect to smoking habit. Thus, once COMPAS is rolled out, twice as many high school as university graduates are active smokers and a third more exhibit weight problems initially. On the other hand, the prevalence of diseases is quite low and almost indentical for both group. COMPAS attempts to replicate the expected health trajectories of this group of men relatively precisely. We compare lifetime outcomes of college educated and those with high school education. This amounts to allowing education to impact future transitions directly through different initial conditions (rates of smoking and obesity are higher among the the high school group) and
indirectly through transitions intensities. Indeed, additional education changes risk factors which in turn impacts future health conditions. This chain reaction culminates with differences in mortality at older ages as outlined in section 2. We first focus on life expectancy and mortality as reported in Table 2 . The first column reports the vital statistics for base case high-school
graduates. The second column reports the statistics of the counterfactual health trajectories when high school graduates attend college. The last column computes the difference between the two, either in terms of ratio (line 1) or differences (lines 2-4). The simulation results indicate that earning a university degree decreases the average annual mortality between the ages of 51 and 96 by two percentage points. The difference is statistically significant and corresponds to an odds-ratio of death of 0.61 in favour of the college graduates. Tjepkema et al. (2012) find an age-standardized hazard ratio of 0.767 for ages 25 and older using Canadian census data merged with death records (the same data as ours but over a shorter period),. The lower mortality rates we find among college graduates translate into an additional life expectancy of 4.1 years at age 51. COMPAS further allows computing the expected number of disability-free and disabilityridden years. College education is found to increase the former by 5.5 years and decrease the latter by 1.3 years. Both differences are statistically significant. For the U.S., Meara et al.
(2008) reports a difference of 5.4 years in 1990 between those with high school or less and any college at age 25. For European countries, Kunst and Mackenbach (1994) Table 3 reports the expected number of hospital stays and number of visits to general practionners (GP) and specialists by education. Not surprisingly given the previous results, high school graduates are found to have more numerous hospital stays (+ 27.3%) and consultations with specialists (+19.7%), but are no more likely to consult with GP's. These differences are large and potentially lead to large gaps in lifetime use of the health care system. Greater life expectancy is associated with more disability-free years as shown above. ADL limitations may be intimately related to the occurrence of various diseases. Health transitions in COMPAS consider up to seven different diseases. Below, we report the incidence at ages 65 and 80 of six of them. As shown, college graduates are less prone to cancer, heart disease, hypertension, diabetes, stroke and dementia than high school graduates. The differences are slightly more pronounced at age 80. Most of these are statistically significant, although the confidence intervals between high school and college graduates overlap slightly in a few cases. The previous simulation results are consistent with the empirical regularity according to which education and health are positively correlated. In particular, the results of Table 2 show that the differences between high school and college graduates in terms of mortality rates and life expectancy can be quite large. Yet, these simulations do not allow to distinguish between the impact of having a college degree per se and the contributions of the differing initial conditions between the two educational groups F E (X 0 , Z 0 ), nor do they measure the contributions of the education-specific incidence rates between the various diseases and the occurrence of ADLs (ψ t and φ t ) or different mortality rates conditional on disease, (ξ t ). In order to separately identify the contribution of the latter components, we run an additional series of simulations in which we sequentially block specific pathways, change the initial conditions, and modify the survival rates conditional on various diseases as well as the indidence of the latter. For example, an initial condition simulation changes F E (X 0 , Z 0 ) for F E (X 0 , Z 0 ) but keep all other components of the model conditional on E. We report the results of this decomposition in Table 5 . The first column replicates the last column of Table 2 , i.e. the total impact of earning a college degree. The second column reports the results of simulating the health trajectories of high school graduates while assuming they share the same initial conditions as college graduates (smoking incidence, obesity, etc.). The third column assumes that high school graduates have the same risk of contracting a given disease as college graduates, effectively changing education level in the set of functions φ t and ψ t . Finally, column 4 reports the results of assuming that high school graduates share the same mortality and disability risks as college graduates, and that of requiring long-term care, conditional on having a particular set of diseases and health conditions. Hence, it only varies ξ t . The table shows unequivocally that the health differentials between high school and college graduates have little to do with the initial conditions. Indeed, at baseline, high school graduates are more likely to smoke, to suffer from obesity, and to have various diseases. Yet, these differences have next to no impact on health trajectories in the long run. Thus, the relative risk of death between the ages of 51 and 96 is only 3 percentage points lower when high school graduates are assigned their initial conditions rather than those of college graduates as shown in column 2. Furthermore, life expectancy with or without ADL limitations is insensitive to the assumed initial conditions. This suggests that poorer health conditions at the age of 30-31 have little impact on long run life outcomes. On the other hand, the third column reveals that the differential incidence of various diseases plays a major role in explaining life expectancy. Thus when high school graduates are assumed to face the same transition probabilities as college graduates across diseases, their life expectancy increases by 1.5 years and that without ADL limitations by over 1.8 years. Likewise, column 4 shows that the differential probability of death and disability between high school and college graduates is the main driver of the gap in life expectancy. Hence, when assigning a college degree to high school graduates, their relative death ratio between the ages of 51 and 96 is only 73% that of its original value, and their life expectancy increases by 2.5 years (3.2 years without ADL limitations).
The COMPAS microsimulation model is based upon various high-quality panel survey and administrative data sets. It captures most features of the dynamic transitions between healthy and disease-ridden spells of a representative ageing Canadian sample. The relation between education and life expectancy it unearths is driven by these random but conditional (on observable characteristics) transitions. An alternative approach to investigate the link between the two is to focus on the long term consequences of a large-scale policy innovation that may have induced a given population to increase its educational level. In Canada, such a policy was implemented after World War II and was designed to ease enrollment of returning veterans into vocational and university programs. Fortunately, recently released files linking census and mortality data allow us to track cohorts of potential returning veterans into old age and in many cases until death. In what follows, we briefly overview the Veterans Rehabilitation Act (VRA) and provide prima facie evidence on its likely impact on college attendance. We next attempt to link the shift in the latter with mortality data. By doing so, we provide additional empirical support on the correlation between education and mortality.
Quasi-Experimental Evidence
Identifying the causal impact of education on life expectancy is a demanding task. Indeed, exogenous policy-induced changes in schooling attainment must be investigated long after their implementation and thus require quality data on health outcomes or death. Yet, this is precisely after World War II to incentivize returning veterans to further their schooling (see Lemieux and Card, 2001 ).
The G.I. Bill
As described in Lemieux and Card (2001) , following the adoption of Veterans Rehabilitation Interestingly, French-speaking men from the Province of Quebec were much less likely to participate in the war effort. Indeed, fewer than 20% of eligible men in their late teens or early twenties served during the war whereas approximately 50% of similarly aged men did so in Ontario. Lemieux and Card (2001) state a number of reasons that may explain why there were proportionately fewer French-speaking servicemen. First, with the exception of a few French-speaking infantry regiments, the Canadian armed forces were first and foremost unilingual English. Since most of the French-speaking population of Quebec did not speak English, the infantry was their only option. Second, most French Canadians had very weak ties to France and so were reluctant to volunteer abroad. As reported in Lemieux and Card (2001) , the proportion of U.K. immigrants living in Ontario and the province of British Columbia was relatively high. French immigration to Quebec, on the other hand, had stopped in the mideighteenth century so that ties to France were very limited. 4
In addition to having proportionately fewer servicemen, the educational attainment among First, one can legitimately claim that the program indeed incentivized many veterans to attend university. 5 Second, it can also be legitimately claimed than French-Canadians constitute an 
Empirical Strategy
Following the above discussion, we proceed to estimate the impact of the exogenous policy change on future health and mortality in two steps. First, we investigate the extent to which the VRA has indeed induced a discernable change in university attendance beyond what would have been observed in its absence. Prima facie evidence in Figure 1 suggests it did. We next model (monthly) life duration taking into account the potential endogeneity of university attendance.
The estimation strategy is cast within an instrumental variable triple difference estimator.
Thus, in the first step we compare university attendance of men born prior to 1921 to that of men born after 1921. The former are assumed "too old" to engage in university training after WW-II. This second difference relates to the province of residence. Finally, the third difference focuses on men born after 1927 as they were too young for service. To fix ideas, we specify the following linear probability model:
where U N IV i equals 1 if individual i ever attended university for at least one year (E in the dynamic model of section 2), ON T i equals 1 if born in Ontario, and the remaining terms are age dummy variables as of June 1945. 6 The treatment effect is captured by the estimate of the parameter η, i.e. men between 18 and 24 of age born in Ontario, and thus eligible for the VRA.
The second step involves estimating the following Cox proportional hazard model:
where t is age (in months),ν i is a residual computed from the first stage regression, BY, BY 2 , BY 3 is a third-order polynomial in birth year, and the remaining variables are similarly defined as above. The treatment effect is captured by the estimate of the parameter α and potential endogeneity is assessed through a simple statistical test on the estimate of the parameter ρ. The A1835ONT interaction captures the direct effect of differential exposure to WW-II between Quebec and Ontario. Without this control, the second difference (A1825ONT) would confound both the effect of the VRA but also the effect of going to war. Hence, it is included both in the first and second stages.
First-Stage Estimation Results
The 
Second-Stage Estimation Results
As stressed earlier, the impact of education on life expectancy is investigated through a Cox proportional hazard model in which university attendance is instrumented by the VRA. 7 The estimation results are reported in Table 7 . Each specification includes the same age polynomials as in their corresponding first-stage estimation. According to the parameter estimates, men who were induced to attend university as a result of the VRA have a much longer life expectancy.
The hazard ratios are all statistically significant and are roughly equal to 0.2. The table also reports the confidence intervals for each specification. Note how the latter overlap with the one (Table 2) . Indeed, the confidence intervals from the Cox model range between 0.076 and 0.606, whereas the one computed from COMPAS ranges between 0.487 and 0.710. Both approaches thus conclude that education has a sizeable impact on life expectancy, though COMPAS yields a slightly more conservative estimate. The first-stage residuals are incorporated into the model to account for the potential endogeneity of university education.
The associated parameter estimates are all statistically significant, thus underlining its likely endogeneity. 
Threat to Identification Strategy
Our treatment variable for an individual is defined as belonging to a narrowly defined birth cohort, namely the cohort of English-speaking men born in Ontario who were most likely to participate in World War II and of taking advantage of the availability of the VRA program.
One concern for our identification assumption would be the possibility that the composition of the university graduates evolved differently across the treated and control cohorts. For example, it could be that the parents of the individuals in the treated cohort were more educated than the parents of those in the control group. Given the well known positive correlation in the educational attainment of parents and children, any impact of the VRA would be confounded with compositional effects.
To check whether this could be a real concern, we used Statistics Canada's 1973 Job Mobility
Survey which contains information both on parents' educational attainment and on participation in either World War I, World War II, or the Korean War. Table 8 reports the fraction of fathers with at least some post-secondary and with at least a B.A. degree by province and birth cohort of the sons. Note that we use both the full birth cohorts-as in the rest of the paper-and only those who report having served in WW-II. As shown, all those born in Ontario (or, for comparison purposes, British Columbia) between 1921 and 1927 as well as the veterans among them were actually less likely to have a more educated father than in the neighboring cohorts while the reverse is true in Quebec. If anything, we would thus understate the true effect of the VRA on educational attainment and, as a result, on mortality. 1900 -1920 Cohorts 1921 -1927 Cohorts 1928 -1935 
Education and Health Outcomes
We use the same estimation strategy as above to investigate the potential causal links between education and various health outcomes. Table 9 reports the marginal effects of a university degree induced by the VRA. Not surprisingly given the sample size, the parameter estimates are quite stable across specifications and most are highly statistically significant. According to the table, earning a university degree leads to a significant reduction in the probability of experimenting heart diseases, non-respiratory cancers, and other causes of death. This is particularly the case for the latter two. The parameter estimates are consistent with the differential incidence of similar diseases generated by COMPAS as reported in Table 4 .
Interestingly, while we find statistically and economically significant effects of university education on many diseases, the estimates in the first row show no effects on contracting respiratory diseases, including lung cancer. This may seem counterintuitive given that one may expect that getting an arguably exogenous dose of university education would have particularly large effect on smoking behaviour (see e.g. Grimard and Parent, 2007) . Recall, however, that the VRA intervention affected cohorts of men who lived in an era where smoking was quite common. 8 In addition, those men served in the armed forces where smoking was quite prevalent and cigarettes were part of their daily rations. So it is not completely surprising that of all health behaviours that may have been changed due to attending university, smoking might have been the least affected. 9
Comparison of Microsimulation and Quasi-Experimental Estimates
Several reasons may explain why the microsimulation estimates of the effect of education on mortality are somewhat lower than those of the quasi-experimental approach. As outlined in Section 2, the estimation of the transition equations (1)-(3) may be plagued by an ommited variables bias. For example, it is near impossible to control for initial conditions, in particular with respect to early childhood events which may impact both education and mortality (Almond et al., 2018) . The IV strategy circumvents this problem by exploiting plausible exogeneous variation in education. If the bias in COMPAS estimates is positive (in the sense that its mortality differentials are inflated), this would lead to larger microsimulation estimates compared to the IV estimates. We find the exact opposite. An alternative explanation is that the two approaches simply yield different estimates of the effect of education on mortality. From a LATE perspective (Imbens and Angrist, 1994) , IV estimates could be larger than OLS estimates if the effect of education on mortality varies across men and those who responded to the VRA have on average larger responses to education in terms of mortality. One potential mechanism could be that upon returning from war, Veterans were exposed to a set of mental and physical health risks. It is conceivable that attending college shortly upon returning may have provided sizeable health benefits.
Finally, it should be noted that IV and microsimulation estimates are based upon two different periods. The IV estimates exploit variation in education originating in the first half of the 20th century while COMPAS focuses on a cohort of men aged 30-31 in 2010 (hence born in 1980). Furthermore, the transition equations in COMPAS stem from a wide range of cohorts.
Hence, calendar time-varying equations (1), (2) and (3) could very well explain why we find different estimates. Given that the data used in COMPAS do not span a long-enough time period, we cannot directly test whether mortality differences have widened or narrowed. For this to explain our results, the returns in terms of mortality would need to have narrowed across education groups over time. While evidence is scarce on the evolution of mortality by education in Canada, evidence points to relatively constant differentials by income group (Milligan and Schirle, 2018) .
Conclusion
Determining whether education has a causal impact on health is important from a policy perspective. In this paper we investigate the link between the two using both a dynamic microsimulation model and a major policy intervention that was implemented in Canada to foster college education among returning WW-II veterans. COMPAS, the microsimulation model, shares many features with a similar model developed for the U.S. but focuses on the health trajectories of a representative cohort of Canadian men aged 30 and 31 in 2016.
Interestingly, both approaches find that the better educated benefit from greater health and longer life expectancy. According to COMPAS, the latter will require fewer hospital stays and fewer visits to specialists. Their additional years of life are expected to be free of limitations in activities of daily living. This is consistent with the quasi-experimental approach according to which the college educated are less likely to suffer from heart diseases, cancer and other major causes of death.
The microsimulation and the quasi-experimental approaches focus on two different popula-
tions. Yet, they both conclude similarly. If anything, COMPAS perhaps slightly underestimates the impact of a college education on health relative to the quasi-experimental estimate. Interestingly, the simulations reveal that college education has most of its protective effect in terms of delaying the incidence of chronic diseases. This is important as it highlights one of the mechanisms through which the health-socioeconomic status gradient expands over the working years. Furthermore, it highlights that the more educated have a survival advantage conditional on geven diseases, which in the context of Canada cannot be explained by differential access to health care.
It is possible to monetize the health returns to college attendance. First, there could be cost savings. If costs are paid by the individual, lower costs would be part of the private return to attending college. However, in a public health insurance system, the effect of education on health care costs merely raises transfers across different groups in the population unless subsidized care provides a disincentive to invest in education. We are not aware of studies which have shown such a negative effect of public health insurance on college attendance. Second, both in term of private and social returns, longer and better lives are certainly part of the welfare calculus. Our estimates from the microsimulation approach, which probably underestimate the true effect, suggest a causal effect of at least 5 years on healthy life expectancy. This translates, using 200 thousand dollars as the value of a statistical life year, into a welfare benefit of nearly one million dollars Viscusi and Aldy (2003) . On the labor market side, Lemieux and Card (2001) estimate private returns on earnings of the order of 15% per year. Frenette (2014) estimates that there is roughly a 500 thousand dollar difference at the median in cumulative earnings (over 20 years) of college graduates compared to high school graduates (Table 8) . Hence, the health benefits could be twice as large as the labor market returns (in terms of earnings).
